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How might current Al technologies fail to

Learn from UX practitioners
meet people’s needs?

Empower UX practitioners What role can and should design play in
making Al technology “good” for people”

How to better support designers to play
such a role through a new design
toolboxe (tools, guidances, organizational

oractices, etc.)
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What are the challenges?




Challenges Working with Al as Design Materials

Output complexity

Capability complexity

Materialistic uncertainty

(Yang et al., 2020, Subramonyam et al., 2021 )



Challenges Working with Al as Design Materials

Output complexity Challenge with understanding
the material

Capability complexity Cthenge vv.ith Choosirjg (Oor
having) the right material
Challenge with mutual shaping

Materialistic uncertainty of design and materia



NEWSLETTERS -EYEON A.I.

ChatGPT’s inaccuracies are causing real harm

FICIAL INTELLIGENCE

The New Al-Powered Bing Is Threatening Users.
That's No Laughing Matter

Al Bias In Recruitment: Ethical
Implications And Transparency

Al chatbots are supposed to improve health
care. But research says some are perpetuating
racism

Snapchat's Al chatbot may pose privacy
risk to children, says UK watchdog

—thical concerns mount as Al takes bigger
decision-making role in more industries

OP-ED CONTRIBUTOR

When an Algorithm Helps Send You

to Prison

WHO warns against bias, misinformation
in using Al in healthcare

How Artificial Intelligence Can
Deepen Racial and Economic
Inequities

Here are dozens of ways Al
could be used for harm —
and some too scary to test



NEWSLETTERS - EYE ON A. 1. —thical concerns mount as Al takes blgger

ChatGPT’s inaccuracies are causing real harm decision-making role in more industries
The New Al-Powered Bing Is Threatening Users. When dll Algonthm HElpS Seﬂd You
That's No Laughing Matter to Pr]son

Responsible Al (RAI): Develop and deploy Al technologies
responsibly by mitigating harms to people, community and society

EN YN N UE SWERREWEGDAER EBN bv WY Weil

Al chatbots are supposed to improve health Deepe“ Raclal a“d Economlc

care. But research says some are perpetuating Inequities
racism

Here are dozens of ways Al
could be used for harm —
and some too scary to test

Snapchat's Al chatbot may pose privacy
risk to children, says UK watchdog



RAI: Sociotechnical Harm/Risk Management

"Al systems are inherently socio-technical in nature, meaning they
are influenced by societal dynamics and human behavior. Al risks
—and benefits—can emerge from the interplay of technical
aspects combined with societal factors related to how a
system Is used, its interactions with other systems, who operates
it, and the context in which it is deployed.”

NIST (US National Institute of Standards and
Technology) Al Risk Management Framework









Al bias creates allocation
harm in the context of hiring
tools




Al bias creates representation
harm in the context of image
generation tools




Al bias creates quality-of-
service harm In the context

of facial recognition (as a
service) tools




Al opaqueness creates

harms of mistrust

INPUT mmp mp OUTPUT

misuse

loss of agency

deprivation of
recourse
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Mapping of 36 ethical and responsible Al frameworks

Berkman Klein Center

RAIl: Principle Based Approaches

Fairness and Non-discrimination

Transparency and Explainability

Human Control

Safety and Security

Accountability

Privacy

Promotion of Human Values




Microsoft
Responsible Al
p: Standard, v2

GENERAL REQUIREMENTS

FOR EXTERNAL RELEASE

June 2022

How Is Responsible Al

development concelved
in RAI policy?

Artificial Intelligence Risk Management A Si m p‘ iﬂed VieW .

Framework (AI RMF 1.0)

NATIONAL INSTITUTEOF
STANDARDS AND TECHNOLOGY
U.S.DEPARTMENT CF COMMERCE
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Envision
the socliotechnical
system

Build

Technology

Risk management
approaches

Evaluate

Technology goals

Risk assessment




Fairness and Non-discrimination

Transparency and Explainability
Human Control

Envision
the socliotechnical
system

Build

Technology

Risk management
approaches

Evaluate

Technology goals

Risk assessment




Shared
socliotechnical
perspective in RAI
and UX practices




Research Thread 1: Empower Designers In
Responsible Al Development

Envisioning the sociotechnical and managing Al risks



Fairness and Non-discrimination

Transparency and Explainability

Human Control

Safety and Security

Accountability

Privacy

Promotion of Human Values

Envision
the sociotechnical
system

Build

Technology

Evaluate

Technology goals




Transparency and Explainability

Envision
the sociotechnical
system

Build

Technology

Risk management
approaches

Evaluate

Technology goals

Risk assessment




Risk management
approaches

Transparency and Explainability




BLE ® Social Scoring, facial recognition, dark
pattern Al, manipulation

* Transportation systems, Safety,
HIGH RISK Employment, Education Access,
Border Control, Justice Systems

e Al systems with specific
transparency requirements
such as chatbots, emotion
recognition systems

LIMITED RISK

* Al enabled Video
games, spam filters

EU Al Act



Initially

Make clear
what the

system can
do.

]
Al
4

Make clear
how well
the system
can do what
it can do.
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During interaction

Time
services

based on
context.

Show
contextually
relevant
information.

Transparency and Explainability

Match
relevant
social
norms.

Mitigate

social biases.

(Amershi et al.,

vinen wron

Support
efficient
invocation.

Support
efficient
dismissal.

2019)

Over time

©

Remember
recent

interactions.

(13)

Learn from
user
behavior.

Update and
adapt
cautiously.

Design Guidelines for Human-Al Interaction

1S/

Encourage
granular

feedback.

Convey the
consequences
of user
actions,

Provide
global
controls.

Notify users
about
changes.

(HAX)



Learn from UX practitioners:

Transparency and Explainability How to ,orovide Al
explanations to promote
human understanding and
oversight?

Liao et al. Questioning the Al: Informing Design Practices for Explainable Al User Experiences. CHI 2020



https://arxiv.org/abs/2001.02478

&8¢ [/t remains in this weird Imbo where people
know it [explainability| is important. People
see it happen. They don't know how to
make it happen. And everybody's feeling
their way in the dark with no lights.

(P6)



Design Challenge 1: Variability of Users’ Explainability Needs

Diverse reasons for Al explanations

il  Jo assess Al capabilities
] & o improve Al capabillities

* To gain further insights for decision-making
%2;)\ ﬁ & ® « To adapt interaction
- O RQ * Jo avoid rights violations

e Jo seek recourse

Liao et al. Questioning the Al: Informing Design Practices for Explainable Al User Experiences. CHI 2020



https://arxiv.org/abs/2001.02478

VWhat kinds of questions
can it answer”?

How can | helo How does the bot provide
you today? answers? What data does
0 it have access to”?

\_ J




Significant Observation

= Why is the Al system giving
s this diagnosis?

Why Is the Al system not
giving a diagnosis that |
would expect?

CheXplain
(Xie et al, 2020)



Design Challenge 2: Complexity of Explainable Al (XAl) Algorithms

* Dozens of algorithms in XAl data

science toolkits (hundreds more from
research)

Orig Pred CEM PP CEM PN

ope oo o Difficulty In understanding and having

f — the right material as UX practitioners
=Ty e~ - = are often not involved in the choosing
=) (%) £ (& 1= | |
* Gaps between algorithmic output and

design intent

Liao et al. Questioning the Al: Informing Design Practices for Explainable Al User Experiences. CHI 2020



https://arxiv.org/abs/2001.02478

@& ...finding the right pairing to

XAl put the ideas of what's right User's
algorithms |  for the user together with explainability
|  what’s doable given the tools needs

or the algorithms™ (P8)



@& ...finding the right pairing to

XAl put the ideas of what's right User's
algorithms |  for the user together with | explainability
|  what’s doable given the tools | Nheeds

or the algorithms” (P8)

How can (envisioned) user needs and interactions drive the
choices of XAl algorithms as design material?



Sociotechnical Abstraction: Questions Answerable by XAl Algorithms

=1 Global explanation: How does the Al make
=& B = predictions?

Feature-importance explanation: \/Why is the Al
giving this prediction?

Counterfactual explanation: How to get a
different prediction?

Classified as “9” Classified as “4”



Engage with UX practitioners to map the
space of user questions as explainability
needs

 Walk through an Al system they work on
 Common questions users might ask
* Discuss question cards

Understanding input (training data): What kind of data does the
system learn from?

- What is the source of the data?

- How are the /labels/ground-truth produced?

Inspecting what if changing a case/counterfactual questions: what
if, how to be that, how to still be this

- What would the system predict if the case changes to...?

- How should this case change to get a different prediction?

- What are the scope of changes permitted for this case to still get the
same prediction?

- What kind of cases get a different/same prediction?

Other category (add your own question)

Understanding the model globally: How does the system make
predictions (overall logic)?

- What algorithm is used?

- What rules does the system use to make predictions?

- What features does the model consider or not consider?

- How does the model weigh/reason with these features?

Understanding prediction for a particular case: Why this? Why not
that?

- Why is this case given this prediction? Why is it NOT predicted that?
- What feature(s) of this case lead to the model's prediction for it?

- What kind of cases are predicted this?

- Why are [cases A and B] given the same prediction?

- Why are [cases A and B] given different predictions?

Understanding output: What kind of output/predictions does the
system give?

- What does the system output mean?

- How can | use the output of the system?

Understanding model performance and certainty: How
accurate/reliable are the system’s predictions?
- How often does the system make mistakes?

- When/under what situation is the system likely to be correct/wrong?

Liao et al. Questioning the Al: Informing Design Practices for Explainable Al User Experiences. CHI 2020



https://arxiv.org/abs/2001.02478

Data

Qutput

Performance

How

(global model-wide
explanation)

Whal kind of data was the system (rained on?

® What is the source of the training data?

® How wecrce the labels/ground-truth produced?
® What is the samplc size of the training data?
® What datasct(s) 1s the system NOT using?

Whalt are the polential imitations/biases of the data?
Whalt 1s the size, proportion, or distribution of the
lraming data with given [eature(s)/[eature-value(s)?

Whalt kind of outlputl docs the system give?

What docs the systcm output mean?

What is the scope of the system’'s capability? Can it
do...”

How 13 the output used for other system
componenl(s) ?

LHow should I best utilize the oulput of the syslem?
How should the output [it m my workow?

¢ How accurate/precise/reliable are the predictions?

¢ How often docs the system make mistakes?

Tn what situations is the system likely to be correct/
incorrect?

What are the limitations of the system?

What kind of mistakes 13 the system likely to make?
Is the system’s performance good enough for...?

ITow does the sysiem make predictions?
Whal features does the system consider?
® Ty [feature X] used or not used (or the
predictions?
What is the system’s overall logic?
® How docs it weigh different fecaturcs?
®* What kind of rules docs it follow?
® How docs [fcature X] impact its predictions?
¢ Whal are the top rules/leatures (hat determine
1ls predictions?
What kind of algorithm 1s used?
¢ [low were Lhe paramelers set?

Why not

How to be that

(a different prediction)

How to still be
this

(the current prediction)

What If

Others

XAl Question Bank

Why/how is this instance given this prediction?

® What fcaturc(s) of this instance determince the system’s prediction

ol 11?

Why are [instance A and B] given the same prediction?

Why is this instance NOT predicted to be [a different outcome
QI?

¢ Why 1s this instance predicted [P instead ol a different oulcome Q1?
® Why are [instance A and B| given different predictions?

How should this instance change to get a different prediction Q?

® What is the minimum change required for this instance to get a

diftcrent prediction Q7

How should a given feature change for this instance to get a different
prediction Q7

Whal kind ol instance 1s predicled of |a dilferent outcome Q|?

What is the scope of change permitted for this instance to still
get the same prediction?

What 1s the range of value permitted for a given feature for this
prediction to stay the same?

Whal 15 the necessary [eature(s)/[eature-value(s) presenl or absent (o
guarantee Lhis prediction?

Whal kind ol instance gels the same prediction?

® What would the system predict if this instance changes to...?
® What would the system predict if a given feature changes to..."?

What would the system predict for [a different instance]?

Low/why will the system change/adapl/improve/dnfl over ime?
(change)

® Canl, and if so, how do L, improve the systcm? (improvement)
® Why is the systcm using or not using a given algorithm/fcature/rule/

datasct? (follow-up)

Whal does |4 machine learming terminology | mean?
(lerminological)

Whal are (he results of other people using the system? (social)




Map Questions to XAl Approaches

Global how
(global model-wide)

Describe the general model logic as feature impact*, rules* or decision-trees® (sometimes need to explain
with a surrogate simple model)

If the user is only interested in a high-level view, describe what are the top features or rules considered

ProfWeight*+e, Global Feature
Importance*, PDP*, DT Surrogate®

Describe how features of the instance, or what key features, determine the model’s prediction of it*

LIME*, SHAP*, LOCQO*, Anchors+,

Why Or describ.e r.ules+ that the in§tance fits to guar.antee the predict.ionJ.f | o ProtoDash®
Or show similar examples® with the same predicted outcome to justify the model’s prediction
Describe what features of the instance determine the current prediction and/or with what changes the CEM* , Counterfactuals+
Why not instance would get the alternative prediction*

(a different prediction)

Or show prototypical examples® that had the alternative outcome

ProtoDash¥ (on alternative
prediction)

How to be that
(a different prediction)

Highlight feature(s) that if changed (increased, decreased, absent, or present) could alter the prediction to
the alternative outcome, often with minimum effort required*

Or show examples with minimum differences but had the alternative outcome™

CEM?*, Counterfactuals+, DICE*

How to still be this
(the current prediction)

Describe features/feature ranges™* or rules* that could guarantee the same prediction
Show examples that are different from the particular instance but still had the same outcome

CEM*, Anchors+*

What if Show how the prediction changes corresponding to the inquired change of input PDP, ALE
Provide performance metrics of the model Precision, Recall, Accu racy, F1,
Show uncertainty information for each prediction AUC

Performance Describe potential strengths and limitations of the model Uncertainty Qauntification 360
FactSheets, Model Cards
Document comprehensive information about the training data, including the source, provenance, type, size, |[FactSheets, DataSheets
Data coverage of population, potential biases, etc.

Describe the scope of output or system functions. FactSheets, Model Cards

OUtPUt « Suggest how the output should be used for downstream tasks or user workflow



https://github.com/Trusted-AI/AIX360/blob/master/aix360/algorithms/profwt/profwt.py
https://oracle.github.io/Skater/reference/interpretation.html#feature-importance
https://oracle.github.io/Skater/reference/interpretation.html#partial-dependence
https://github.com/h2oai/mli-resources/blob/master/notebooks/dt_surrogate.ipynb
https://github.com/Trusted-AI/AIX360/blob/master/aix360/algorithms/lime/lime_wrapper.py
https://github.com/Trusted-AI/AIX360/blob/master/aix360/algorithms/shap/shap_wrapper.py
https://github.com/h2oai/mli-resources/blob/master/notebooks/loco.ipynb
https://docs.seldon.io/projects/alibi/en/latest/methods/Anchors.html
https://github.com/Trusted-AI/AIX360/blob/master/aix360/algorithms/protodash/PDASH.py
https://github.com/Trusted-AI/AIX360/blob/master/aix360/algorithms/contrastive/CEM.py
https://docs.seldon.io/projects/alibi/en/latest/methods/CFProto.html
https://docs.seldon.io/projects/alibi/en/latest/methods/CFProto.html
https://github.com/Trusted-AI/AIX360/blob/master/aix360/algorithms/contrastive/CEM.py
https://docs.seldon.io/projects/alibi/en/stable/methods/CF.html
https://github.com/interpretml/DiCE
https://github.com/Trusted-AI/AIX360/blob/master/aix360/algorithms/contrastive/CEM.py
https://docs.seldon.io/projects/alibi/en/latest/methods/Anchors.html
https://oracle.github.io/Skater/reference/interpretation.html#partial-dependence
https://docs.seldon.io/projects/alibi/en/latest/methods/ALE.html
http://uq360.mybluemix.net/
https://aifs360.mybluemix.net/examples/max_object_detector
https://modelcards.withgoogle.com/object-detection#performance
https://aifs360.mybluemix.net/examples/max_object_detector
https://www.microsoft.com/en-us/research/publication/datasheets-for-datasets/
https://aifs360.mybluemix.net/examples/max_object_detector
https://modelcards.withgoogle.com/object-detection#performance

Question-Driven XAl Design

Map questions lterativel
Collect user Analyze and P % I' dosi Y 9
questions  identify key user ~ tomoaeling ~design an
questions and solutions evaluate
requirements
Elicit user needs for Cluster similar questions and Map prioritized question Evaluate the candidate
explainability as questions prioritize with your team the categories to candidate design with the key user
categories to focus on explainability solutions requirements, iteratively
Understand user intention Question Bank suggests 9 Sometimes it requires working improve the design ana

and expectation of asking modeling solution to close

. categories for supervised ML. But with data scientists to identify the
these questions L . . .
X the categorization could be flexible right algorithms to generate the gaps
explanations :
Optionally, Question Bank |dentify key user requirements by 't would be ideal to get
. . , . . . . . feedback from actual users
could be used as a checklist analyzing users’ intention and A mapping guide for supervised . . .
. L . . . : In these iterations
to help guide the elicitation expectation to ask the questions ML is provided for reference

Liao et al. Question-Driven Design Process for Explainable Al User Experiences. arXiv


https://arxiv.org/abs/2104.03483

Problem

description An Al based dashboard presents patients’

readmission risk scores to help clinicians
to identify high-risk patients and appropriate
interventions at discharge time




Step 1: Collect user questions

Problem
description

An Al based dashboard presents patients’

readmission risk scores to help clinicians
to identify high-risk patients and appropriate

iInterventions at discharge time

Tasks involved

(optional)

ldentify what aspects of Al needs to be
explained by eliciting user questions

Also gather user intention and expectation of
asking these user questions

Questions
from User 1

Questions
from User 2
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Step 2: Analyze to identify key user
questions and user requirements et o A1
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reduce the patient’s risk? patients with similar :
CIUSter . I ' profiles? "‘. What's the
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~.. How to be (low risk)? .
““ ~._ Performance

Question Bank could guide the analysis.
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ldentify which categories should the team focus on

Analyze user comments on intention and 7 | st naining g
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expectatlc_)n of asking the questions to identify key C similarto my pations
user requirements

What can the system do for my
workflow?

~
S a
.....
- -
i -
-------
-------------

~
~
~ . .
________
------------



Step 2: Analyze to identify key
user requirements

Analyze user comments on intention and
expectation of asking the questions to identify key
user requirements
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What can be do . non-6bvious) information to better
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orofiles? .+ understand the patient
v
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Step 3: Map questions to modeling
solutions (with the team)

Work with data scientists and the team to map
prioritized questions to explanations that the
model(s) could provide

Sometimes the explanation can be derived directly
from descriptive information of the model

Sometimes the explanation requires implementing
another set of algorithm to generate.




Step 3: Map questions to modeling
solutions (with the team)

What can be done to What worked for other

reduce the patient’s risk?  patienls with similar
profiles?

“.. How to be (low risk)?

How to be that Highlight features that It changed (perturbed, absent, present) could change the prediction

_ _ _ Risk factor to eliminate Risk improvement
Work with data scientists and the team to map

prioritized questions to explanations that the UTI -10%
model(s) could provide

Allergic reaction -9%
Sometimes the explanation can be derived directly - »
. _ _ Nutritional deficiency -7%
from descriptive information of the model
Diabetes -3%

Sometimes the explanation requires implementing
another set of algorithm to generate.



Step 4: Iteratlvely dESign and Risk factor to eliminate Risk improvement

evaluate T 0%
Allergic reaction -9%
Nutritional deficiency -7%
Diabetes -3%

UR2: Help me determine the most effective next step for
patient management

Evaluate the design, ideally with user
feedback, focusing on the key use

requirements The design lacks “actionability”. User

Identify gaps and iteratively improve the wishes to see "how-to”

design and the modeling solution ® Some factors are not easy or
possible to eliminate



Step 4: Iteratively design and
evaluate

cy, nutritional, diabetes, renal failure

Nutrition Consultation

Available Visits found last 12 mo
15 minute visit with nutritionist (Cocde 97802):

available 1x per year. O

CMS Memorandum Schedule Visit

CHF Discharge Checklist

ACC Expert Consensus Decision Pathway on Risk
Assessment,Management, and Clinical Trajectory of Patients
Hospitalized With Heart Failure

Evaluate the design, ideally with user View Guidelines Vi Cheeils
feedbaCk, fOCUSIng on the key use Patient Education Materials
req U i rements Associated risks: Bacterial infection, UTI

AHRQ has developed patient education materials for preventing infections.

Taking Care of Myself: A Guide for When I Leave the Hospital

|dentify gaps and iteratively improve the

design and modeling solution
J J Link to external guidelines for “how-to”

® Add modeling constraints based on the
“costs” of changing risk factors



Step 4. Iteratively design and
evaluate

Evaluate the design, ideally with user
feedback, focusing on the key use
requirements

ldentify gaps and iteratively improve the
design and modeling solution

Y This is made up patient data. Na PHI s included

Rogers, Steve
MRN; 1113111

Age Sex Race Charlson Comorbidity Index

78 M Black COPD, PVD, Type 2 DM (2% 10-year survival)

v History @+ 30 dayrisk of all cause admission 1. Data

30 day admission risk
Moderate High 5 %
A in 20 chamce;

e e [MEdliCArE average 16%

S ) - nverage 13%
Risk score contidence: Good (47« 28] RYCrage 13%

2. Performance

Last 12 mo

Admissions

[

Emergency Dept

Hospital Acquired
Conditions

o 1O

~ Factors that contribute to the risk of admission Action impact

E No pnemonia vaccine
[ R - . .
H ' Dacreases risk Increases risk : .
i 3. Why | Pnemonia vaccine

--------------------------- Praple like Steve who had a pnemania vaccine
Charleson Comarbidity had 2 percent point lower risk.

Index {5 no nis, 13%)

..............................

Mocd Disorders (yes)
ED Yisits [4)
~Clive smoker

Smoking cessation
People lkae Stove who don’t smoke have 2 1
percent paint lower risk

|o 1 percent point lowa sk

COPD (trus)

View Frogdrams

Data Sources

Medieare Claims data (2008-2011)

Characicristics of 212, 236 Madicare bonehiciari
randomly zelected and shared by CMS

Gender
Malc
Female

Race
Caucaean  41%
Black 22%
Hispanic 18%
IMher o

uriclunti el 20°%

l@ Wihat somerar arn NDT inchured?

Thers ix e Nwchezare Dart O fromch callnana) chels o mey
EAR ddal {labiy, pbyuologficn. i,

predicion

Risk factor to climinate

*MMaad disorders
nedmonia risk

Smoking

Risk improvement

~10%

9%

[0
“2 7
............................................

5. How to be that
. (first version) |




A Few High-Level Ideas...

Challenge with understanding the

material Reframing the technical space

by “socio” requirements

Challenge with choosing (and

having) the right material Facilitating designer-enginer
collaboration with a shared

Challenge with mutual shaping of workflow and boundary objects

design and material



Envision

the sociotechnical
system

Build

Technology

Risk management
approaches

A TELE

Technology goals

Risk assessment



Envision

the sociotechnical
system

Build

Technology

Risk management
approaches

A TELE

Technology goals

Risk assessment




Research Thread 2: Empower Designers
in the Age of GenAl

Working with “pre-trained” models powering heterogenous applications



One
“foundation |
” model |

A widening
sociotechnical gap?

Many
heterogenous
“socio”
contexts



Deep learning

2016

Responsible Al

Pre-trained “small” models that
perform specialized tasks

Natural Language Processing

2021 .
(Generative Al

<% Text Classification a2 Token Classification
& Table Question Answering

29 Question Answering

Zero-Shot Classification “s  Translation
™ Summarization £ Feature Extraction
72 Text Generation &5 Text2Text Generation
[ Fill-Mask Sentence Similarity

39 Text Ranking
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Opportunities with pre-
trained models

| ower barriers for using models In
oroduct development

Allow designers to directly explore
the design materials




Get started X

Enter aninst'ucion or selsct a proset
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Get started

Enter aninst'ucion or selsct a proset

ArJWHMCR NS AF] respONC Witha
DIENOC TAAT MITAMYES T March The

COFWNXT OF PAETET WO nend e

Yu cunooabral whilch noc o somoielies

your request Dy chaging the model

KCTF TN RINE
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Enter some text to try out

Select text language ™ * Select vour Azure rescurce (Frae tier (F0) recommended) & *

Select a languzge sum-study

=nter number of sentenceas in summary (max 20) @ selec: the summary’s sorting aption !

| 3 laelanll)

“’ Croer ol appearance (hrsl Lo last) e

ISea rch

Enter your own text, Laload a file, or use one of avLr sar ) Clear tex: box

) , , - Orcer of gppearance (first to last) . - —
Legislat on te strip cual natiorz s of their Australian i 3 noks sat ta 2ass parliamert, after the Coaliticn party

room agraec te changes proposed by 2 multiparty pai Rar < orderirg (high to lcw)

I'he government deaded dunng its oint party rocm meeting on Tuesday to adcot all 27 recomr mencaticns ¢f the joint comm ttee ¢ intelligence ard secuity,
The recemmendat ors indude “or 1C years, but only for c-imes that incurred & zentance of 10 vears or more.

The committee also recommendec that citizenship only oe stripped a‘te- a persor was corvicted ¢ a crinre’ that 2 child under 10 could nes have their citizenship
ravcked; and that it cnly apply to & child unde- 14 in cartair < ‘cumstz 1ces.

The guvernnent will be 'ngde o reporl on the nunber ol vevple who heve bean slripped ol then tlizenship every sixmorths, and Lhe ellicacy ol Lhe new powers
will ne reviewed in full by tha Independert Natianal Securty | egislation Mon'ter hy 1 Qecember 2018

The party room agread to adopt twa changas in addition to the committes’s recommendations, It proposed a requ “ement that a person whose citizenship was
reveked must have had “intent” 1o cause a terrcrist attack, and adcead foreign ircursion and recruitment to the list of scheduled offences,

The citizensh p emendment bl is expacted to pass, after secur ng the supoaart of Labor (1 September. [t will be brought be*are the House of Representatives this
venk

1£7C,/5000
R

Playground Ul
understanding by

trying out examples



Transparency note for summarization

]

What is a transparency note?

An Al system includes rot enly the technology. but 2lso the people who will use it the people who will be affected by

» .

and 1he enwronmet inwhch s geployed Creating a system that s it ‘or s invended PUPOSE TeQuires an

understanding of how the tachrology works, its capabdities and limitations, and Fow 10 acheeve the best parfomande

MiCrosoft ISP ANENCY NOTes are intendled to NP you ur derctand how our Al technol QY Works and the choes that
you as a system owner can make that influence system performance and behavior. It's important to think about the whole
system, induding the technology, the people, ard the environment. You can use transaarency notes when you develop or

deploy your own system, of share them with the people aho will use or be aftected by your system

Transparency Notes are pan of i broader effort @t Mcrosoft 10 put our Al prnciples into practice, 1o find Out Mmore, see

The basics of Summarization

' Documentation/

SUMIMANZaton uses nalura SNQUAE DroCesanNg 1&ann ques 10 CoNganse arncles PALers OF documents yto kay
senternces. This feature 5 provided a5 an AP for develogpers to buid inteligert so utions based on the relevant

information extracted and can '.upp:’f Vanous uBe cases

Card: “nutrition label”

OCuUmeny summmmanzabhon . ) J

2OCUMENt SuMmManZation uses Natural language Processng tetnMques 10 generate & summary for gocumerts, There
A8 WO general 2pProadches 1D AU10-LIMMANnIanon’ artrachive and absiractive

The basics of document extractive summarization

This feature extracts entences that collectively représent e Most important o relevant Information wthun the
onginal cantent. it locates key sentences in an unstructured text document, These sentence: collectively convey the

main dea of the docement

The basics of document abstractive summarization

Qifferemt from exxracuive ummarzation, documem absiractive summarnzason FENSrates 3 ummary 'w th concise

soherent sentences ar words which are not simply extracted from the cnginal decument

Example use cases

fou can use documest summarzation in mult ple wenanos, acoss a vanety of ndustnes. For examgle, you can wvse

Axtractve summanzalionto



Transparency note for summarization

Arhcie 1S s dm te ) et - 4 tonbtribunt

What is a transparency note?

An Al system includes rot enly the technology. but 2lso the people who will Lse it the people who will be affected by it

and the enwronment inwhich itis deployed Creating a system that 5 it for its invended purpose requires an i

understanding of how the tachrology works, its

Microsoft transparency notes are intended to e
you as a system oaner can make that influence)
system, induding the technology, the people, 31

deploy your own system, or share them with th

Transparency Notes are pan of i broader effort

Microsoft Al pringiple

The basics of Summar

Introduction

SUMMAnzation uses naiural language processing
senternces. This feature 5 provided a5 an AP for

information extracted and can support vanous §

Capabilities

JOCumen summmanzahon O Iahor Lt |
DoCument summanzation uses natural langud
are two general approaches 1 Au10-summan
The basics of document e

This feature extracts sentences that collectivel
onginal cantent. It locates key sentences in 38

main idea of the docernent

The basics of document a

Oifferent from exxracuive summarzation, ot

coherent aentences ar words which are not all

Example use cases

fou can use documest summarzation in mull

axtractive summanzalion to ‘

—

FANCEMGR

Model Card

Model Details. Basic information about the model.
- Person or organization developing model
- Model date
Modcl version
- Model type

= Information about training algorithms, parameters, faur-

ness constraints or other applied approaches, and features
- Paper or other resource for more information

Citation details
- License
= Where to send questions or comments about the model

Intended Use. Use cases that were envisioned during de-

velopment,

- Primary intended uscs

- Primary intended users

= Dut-of-scope use cases

Factors. Factors could include demographic or phenotypac
groups, environmental conditions, technical attributes, or
others listed in Scction 4.3

- Relevant factors

= Evaluation factors

Metrics. Metrics should be chosen to reflect potential real-

world impacts of the model.

- Modcl performance measures

- Decision thresholds

= Variation approaches

Evaluation Data. Details on the dataset(s) used for the
quantitative analyses in the card.

- Datascts

- Motivation

= Preprocessing

Training Data. May not be possible to provide in practice.
When possible, this section should mirror Evaluation Data.

If such detadl is not possible, minimal allowable information
should be provided here, such as details of the distribution
over various factors in the training datasets
Quantitative Analyses

Unitary results
~ Intersectional results

e Fthical Considerations
¢ Caveats and Recommendations

Model

Documentation/
Card: “nutrition label”
of a model



Purposeful use: Should I use
a model? If so, where?

\What interactions 1s the modelf
suitable for?

How to design the interactions?




Needs Finding for “Designedly Understanding” of Pre-trained Models

Then one day, you t am You th' k...can we come up with a new
o discovered an Al s feature that uses this model, to hel
MicroBlogging’s article P
understzl?gl:: problem: people that provides users better understand the articles
share online articles without text summari zat ion model thoy encounter and (N)Shal’t

understanding or helping their
audience understand the content.

*Whe harg

tf'- 1"}, L—‘ «Whe shared artices..
‘ hating..
'.

Design task to use a pre-trained model

So, problems like
misunderstanding and
misinformation arise ©

Liao et al. Designerly Understanding: Information Needs for Model Transparency to Support Design Ideation for Al-Powered User Experience. CHI 2023



https://dl.acm.org/doi/abs/10.1145/3544548.3580652

Needs Finding for “Designedly Understanding” of Pre-trained Models

Then one day, your team
discovered an Al service

You think...can we come up with a new
feature that uses this model, to help

MicroBlogging's article
understanding problem: people
share online articles without
understanding or helping their o T i sl « When sharing articles...

audience understand the content. = \ A ‘u—f.-wmn reading shared artices..
- o “7\ : < ﬁ'\vhcn resharing...
E ' ]

Design task to use a pre-trained model

users better understand the articles
they encounter and (re)share?

that provides a pre-trained
text summarization mode!!

So, problems like
misunderstanding and
misinformation arise ©

— Enter some text to try out
Transparency note for summarization

Select text language @ * Select vour Azure rescurce (Frae tier (T0) recommended) @ *

What is a transparency note?

Select a languzge

I sum-study

=nter number of sertences in summary (max 20) & Select the summary's sorting option &

. | ‘ Crcer of appearance {firsl 1o last) |

| kearch |

Croer of appearance ifirst to last)

| 3 elaull)

Enter your own text, Laload a file, or use one of ou - sar O Clear tex: box

The basics of Summarization

Legislat on te strip dual nationz s of their Australian ci 3 ooks sat to oass parliamert, after the Coaliticn party

room agraec tc changes proposed by a multiparty pai

Introduction Rar < orderirg (high to lcw)

The gevernment deaded dunng its oint party rocm meeting on Tuesday to adept all 27 recommeacaticns of the joint comm ttee ¢ intelligence ard secuity.

e The recammendat ors indude “or 1C years, but anly for ciimes that incurred @ sentence of 10 years or more.
Capabilities
r—— The cammittee also recommendec that citizenship only e stripped a‘te- a persor was corvicted ¢ a crime’ that 2 child under 10 could net have their citizenship
reveked; and that it cnly apply o 2 child unde- 14 in cartair ¢ -curnstzces.

. . o The guvern'nent will be 'nede .o reporl on the nunber of veople who heve bezn stripped of their tilizenship every six mortls, and e ellicacy ol the new powers
The basics of document extractive summarization wvill ne reviewed in full by the Independert Natianal Securty | egislation Moniter hy 1 December 2018

The party room agread to adopt twd changes in addition to the committes’s recommendations. It proposed a requ “emen: that a person whose citizenship was
reveked must have had “intent” to cause a terrorist attack, and adcad foreign incursion and recruitment te the list of scheduled offences,

The citizensh o enendment bl is expacted to pass, after secur ng the supoaart of Labor (1 September. |1 will be brought beore the House of Representatives this
wenk!

Example use cases

tion in mult ple icenarios, across a variety of ndustries. For examle. you cn use

1470,/5000

Read a model card and browse examples
on playground Ul

Liao et al. Designerly Understanding: Information Needs for Model Transparency to Support Design Ideation for Al-Powered User Experience. CHI 2023
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Needs Finding for “Designedly Understanding” of Pre-trained Models
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Read a model card and browse examples Perform design ideation
on playground Ul

Liao et al. Designerly Understanding: Information Needs for Model Transparency to Support Design Ideation for Al-Powered User Experience. CHI 2023

- : ot The party room agread to adopt twd changes in addition to the committes’s recommendations. It proposed a requ “emen: that a person whose citizenship was
reveked must have had “intent” to cause a terrorist attack, and adcad foreign incursion and recruitment te the list of scheduled offences,
The basics of document abstractive summarization
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Transparency goal Provided info used

Requested information

intended uses, model

G1: Divergent- description,

convergent

design thinking harms considerations,

unintended uses,
limitations

input-output examples,

output analysis,
explanations

impacting factors in

training data,
explanations,
disaggregated

G2: limitations and harms , .
- . . evaluation with
Conditional considerations,
. . performance and other
design examples of different ..
. output characteristics,
categories \
confidence;
uncertainty
G3: model description, performance, confi-
Transparency limitations, harms dence/uncertainty,
for users considerations explanations
customizability and
4: Team : . improvabili
G ,ea, harms considerations, .P ovab ,ty,’
negotiation limitations. desien algorithm, training
and ’ 5 data and other

. space guidance
collaboration P 5

develo pment
information




Transparency goal Provided info used

Requested information

intended uses, model

, description.
G1: Divergent- PHOn.

convergent

design thinking harms considerations,

unintended uses,
l[imitations

in put-output exa mples,

output analysis, ey el

explanations

impacting factors in

training data, '

explanations,
disaggregated

G2: limitations and harms , ,
.. . . evaluation with
Conditional considerations,
. . performance and other
design examples of different C
. output characteristics,
categories : .
confidence;
uncertainty
G3: model description, performance, confi-
Transparency limitations, harms dence/uncertainty,
for users considerations explanations
customizability and
G4: Team : . improvabilit
o harms considerations, .P , y,’
negotiation limitations. desien algorithm, training
and ’ 5 data and other

) space guidance
collaboration P 5

development
information

DeS|gners goal 1 with
understanding: ellmlnatlng
“risky” design ideas to
use the model



Pre-empt: Share a
summarised view of every
article at the point of the
microblog

Intervention: at the point of
sharing present a summary

P3

Sidekick: Present a
summarised view alongside
any article accessed via the
platform

“I have the question of how reliably it could
perform... if it was an intervention and it was
unreliable...you’re out of your extra step and it’s
literal nonsense. And that really diminishes

somebody’s experience with the whole product,

So that presents, | think, a huge risk.”

Require discovering model
limitations situated in different
designs

Formulating hypothesis by
translating from sociotechnical
risks, but challenging to
validate with current support



Transparency goal

Provided info used

Requested information

G1: Divergent-
convergent
design thinking

intended uses, model
description,

in put-output exa mples,

harms considerations,
unintended uses,
limitations

output analysis,
explanations

G2
Conditional
design

impacting factors in
limitations and harms
considerations,
examples of different
categories

training data,
explanations,
disaggregated
evaluation with
performance and other
output characteristics,
confidence/
uncertainty

G3:
Transparency
for users

model description,
limitations, harms
considerations

performance, confi-
dence/uncertainty,
explanations

G4: Team
negotiation
and
collaboration

harms considerations,

limitations, design
space guidance

customizability and
improvability,
algorithm, training
data and other
development
information

understanding: coping with ,
model limitations by
creating “conditional

' design” and guardrails |



P7

Experienced Al designers
gravitate towards creating
different designs or guardrails
for different types of model
INnputs or outputs

Require discovering
“Impacting factors” that vary
model behaviors



=% Text Classification a2 Token Classification

Envision

“  Zero-Shot Class ification % Translat ion 'the SOCiOteChnical
system

..................

Design

Pre-trained models give designers more autonomy and control
over the exploration of design materials and design space

Design should take a more central role as purposeful use and
coping with model limitations become the primary tasks with
responsible use of pre-trained models



Evaluate
Envision

Technology goals

R
:
:
|
4
_ |
e

, Design - -

the sociotechnical
system




Envision

the sociotechnical
system

Design

What is the unique materialistic property of current
“large” GenAl models (e.g. large language models)?



Adaptability: Central Materialistic Property of GenAl

(Generate a concise
summary of the input
document, avoid biased

Meta-prompt/system @* — views
message: a prompt that

iInstructs the model, applied
to all (or a type of) user ,: ] @ Q

INnputs




Adaptability: Central Materialistic Property of GenAl

Meta-prompt/system
message: a prompt that

Instructs the model, applied

to all (or a type of) user ’: ] @ Q
INnputs

Fine-tuning

Knowledge base
grounding

Safety filters



Model adaptation as
tinkering with the design
material

Fast, iterative mutual shaping of
design and material

Encoding design requirements in
meta-prompts




Canvil: A Figma Widget for Designedly Adaptation

Trawslation befwewn Travnslation befweun
requirements amnd adapted model
adapted model 7 CEmES S behavior and UX
befravior designs

w Mcdel profile (0 8
L2 Audience setting b
ructions

& Cuardrzils )

. ﬁ f Example inputs/outputs
. - A Playground ¢ .
. . u Model response V&
]
e i—— Canvil UX Designs

Feng et al. Canvil: Designerly Adaptation for LLM-Powered User Experiences. CHI 2025




¥ Community Design resources ~ Plugins ~ Whiteboarding ~ Presentations ~

(7 > Design tools Prototyping & animation

f" Kevin Feng -
Canvi Canvil =
W iget « ¥ 12 + B 2.9k users Shape AI behavior © Guassrats

1 H l I WO Pt
right in your canvas! ——

Try Canvil out!

Feng et al. Canvil: Designerly Adaptation for LLM-Powered User Experiences. CHI 2025




Paths Forward:

How should UX design evolve to meet the
requirements of RAI?



Paths Forward:

How can RAI better leverage UX design expertise”?



Toolbox Training Organizational practices



Toolbox Training Organizational practices

RAI principle specific
design patterns and
methods

Expand UX evaluation
with situated model
evaluation and risk
assessment

Orient design on
“envisioning the
sociotechnical”



Toolbox

RAI principle specific
design patterns and
methods

Expand UX evaluation
with situated model
evaluation and risk
assessment

Orient design on
“envisioning the
sociotechnical”

Training

Beyond Al literacy,
opportunities to explore
and tinker

Strengthen and pride the
critical lens

Reposition UX as a
resource that cuts
through Al development
ifecycle (and policy)

Organizational practices



Toolbox

RAI principle specific
design patterns and
methods

Expand UX evaluation
with situated model
evaluation and risk
assessment

Orient design on
“envisioning the
sociotechnical”

Training

Beyond Al literacy,
opportunities to explore
and tinker

Strengthen and pride the
critical lens

Reposition UX as a
resource that cuts
through Al development
ifecycle (and policy)

Organizational practices

Involve design expertise
early and often

Rethink the “separation of
concern” practice. Break
expertise and cultural
barriers

Define and incentivize
new design roles for RAI
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